Improve Hurricane Intensity Forecast by Machine Learning
of NASA Satellite Data

Hui Su’, Longtao Wu', Raksha Pai?, Alex Liu3, Peyman Tavallali', Albert J. Zhai4,
Jonathan H. Jiang', Mark DeMaria®

Poster 1JPL/Caltech, 21BM, 3RMDS Lab, 4Caltech, SNHC/NOAA
#11 Contact: Hui.Su@)jpl.nasa.gov

Objective: Approach: 1. Augment predictors for R
Employ machine learning (ML) techniques and apply NASA satellite 2. Employ machine learning
observations to improve tropical cyclone (TC) intensity forecast, especially

rapid intensification (RI) forecast NASA-JPL
Motivation: IBM Watson Studio: An end-to-end data analytics platform
» TC intensity forecast has been a challenge for decades o s Deploy S
» RI, defined as hurricane maximum sustained wind speed change greater oo Models Results
than 30 knots within 24 hours, is particularly difficult to predict. Improving
RI forecast accuracy is the top priority of the National Hurricane Center IBM NOAA-NHC
(NHC)_ (in-kind) (in-kind)

 The NHC's probability of detection (POD) for Rl in the Atlantic basin is ~_
< 40% and the false alarm ratio (FAR) is > 60% (Kaplan et al. 2015).
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Conclusions:

« Tropical cyclone intensity change is approximately linearly correlated with surplus inner-core precipitation, ice water path and outflow temperature.
« The JPL-ML model significantly outperforms the NHC operational Rl consensus forecast results. Our probability of detection for Rl in the Atlantic is 40%, 60%
and 200% higher than the NHC operational model while the false alarm ratio is only 4%, 7% and 6% higher for 25-, 30- and 35-kt Rl thresholds, respectively.
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